Public health authorities whole-genome sequence thousands of pathogenic isolates each month for microbial 10 diagnostics and surveillance of pathogenic bacteria. The computational methods have not kept up with the 11 deluge of data and need for real-time results. 12
Main 32
Epidemiological typing of bacteria is used by hospitals and public health authorities, as well as animal health 33 authorities, to detect outbreaks of infectious diseases and determine trends over time. Traditionally, that 34 includes culturing and isolating the pathogen, followed by species identification and subtyping using various 35 conventional microbiological and molecular methodologies. 36
For outbreak investigation, it is necessary to place the infectious agent into a more discriminatory category 37 than species, to establish links between cases and sources. Multi-locus sequence typing (MLST) has been a 38 frequently used molecular subtyping method, where sequence types are assigned to the isolates based on the 39 combinations of alleles for 6-10 housekeeping genes 1 . 40
Whole-genome sequencing (WGS) has opened a new chapter in microbial diagnostics and epidemiological 41
typing. WGS data can be used to determine, amongst other properties, both MLST types and serotype of 42 several bacterial species 2,3 . Several studies for multiple bacterial species have shown the value of WGS for 43 elucidating the bacterial evolution and phylogeny, and identifying outbreaks 4-6 . 44
The use of WGS has enabled the unbiased comparison of samples processed in different laboratories, boosting 45 surveillance and outbreak detection, but the methods for sharing and comparing a large number of samples 46 have not been established yet 7, 8 . Therefore, a number of national, regional and international initiatives have 47 been launched with the aim of facilitating the sharing, analyses and comparison of WGS data 9-11 . 48
Since 2012, the US Food and Drug Administration (FDA) is leading a network of public health and university 49 laboratories, called GenomeTrakr. These laboratories sequence bacterial isolates from food and environmental 50 samples and upload the data to the National Center for Biotechnology Information (NCBI). GenomeTrakr is 51 restricted to foodborne pathogens and currently includes data from seven such bacterial species. 12 All raw WGS 52 data are publicly shared through NCBI, facilitating the collaboration between laboratories. Furthermore, the 53 raw data are picked up by the NCBI Pathogen Detection pipeline 13 , that assembles the samples into draft 54 genomes to predict the nearest neighbors and construct phylogenetic trees for each within-50-SNPs cluster 55
using an exact maximum compatibility algorithm 14 . This approach requires access to all of the raw data or 56 assembled genomes, and very extensive computational resources for larger databases, like Salmonella 57 enterica. In addition, no sub-species taxonomical classification has so far been implemented in the pipeline. 58
Focusing on the same bacterial species as GenomeTrakr, PulseNet USA has also established procedures for use 59 of WGS data for outbreak detection. In their vision, an extension of the highly successful MLST approach into a 60 core-genome (cgMLST) or whole-genome (wgMLST) scheme, with genes in the order of thousand, would allow 61 for sharing information under a common nomenclature. Meanwhile, all of the raw data could be kept locally. 62
Only data from individual strains would have to be shared when further confirmation of an outbreak is 63 required. 11 MLST schemes are offered from several databases [15] [16] [17] , and a number of, at times conflicting, cg-64 and wgMLST schemes have recently been proposed for a limited number of bacterial species 16,18-24 . Moreover, 65 few of the proposed schemes provide a definitive nomenclature of sequence types to go with the allele 66 profiles. The existing schemes do not cover all of the potential allelic variation: a recent study showed, that for 67
Campylobacter jejuni, that has maintained MLST schemes, only approximately 53% of the strains of animal 68 origin could be assigned to an existing unique allelic profile 25 . Continuous curation of the hundreds of relevant 69 bacterial species, that are known human, animal and plant pathogens, would require great effort. A centralized 70 database for the distribution of the allele profiles and sequences would be also necessary. Furthermore, for 71 comparable results, and surveillance, the same analysis pipeline or software should be used for the prediction 72 of the allelic profiles. Single-linkage cgMLST clusters can be generated of public and private uploaded data on 73 EnteroBase 15 , and up to 1000 sequences on Pathogenwatch 26 , by manual selection of strains to be included in 74 the analysis. 75
The approaches mentioned above yield preliminary results for outbreak detection, as they often lack the 76 necessary resolution, thus, in most cases, selected WGS data are further analyzed using single nucleotide 77 profiling. We present here a whole-genome, single nucleotide-based method for subtyping and preliminary 89 phylogenomic analysis, that circumvent the known limitations of current gene-and SNP-based approaches. 90 PAPABAC carries out rapid and automated subtyping of bacterial whole-genome sequenced isolates and 91 generates continuously updated phylogenetic trees based on nucleotide differences. We demonstrate two 92 applications, a standalone version for local monitoring of bacterial isolates, and Evergreen Online, for global 93 surveillance of foodborne bacterial pathogens. We also suggest a stable naming scheme for each isolate, 94 making the results from the pipeline easier to communicate to others. To the best of our knowledge, no such 95 tool exists at the moment. 96 
113
Results 114
Pipeline for automated phylogenomic analysis of bacterial whole-genome sequences (PAPABAC) 115
We developed PAPABAC (Figure 1 ), a phylogenomic pipeline for the automated analysis of bacterial isolates, 116 that needs no additional input besides WGS data (fastq files) and generates clusters of closely related isolates. 117
PAPABAC first matches the isolates to complete bacterial chromosomal genome reference sequences with 118 greater than 99.0% sequence identity and a minimum average depth of 11. These reference sequences serve as 119 templates for the alignment of the raw reads. The aligned bases at each position are statistically evaluated to 120 determine the consensus sequence, as previously described for a nucleotide difference method 35 . Positions 121 that do not fulfil the significance criteria remain ambiguous, get assigned "N", and are disregarded during the 122 pairwise genetic distance calculation. These steps ensure that there is high confidence in the consensus 123 sequence that is the basis of the genetic distance estimation. 124
The pipeline retains analysis results in such a manner that input is added to the previously processed data. The 125
phylogenomic analysis is carried out on the current input and the previously found non-redundant isolates 126
(singletons and cluster representatives). The genetic distance is estimated in a pairwise manner, comparing the 127
given two sequences for all non-ambiguous positions, i.e. positions where none of the two sequences have an 128
"N" assigned. The distances between the previously processed runs are stored on disk, saving computational 129 time, and only the distances to the new isolates are computed in a given run. 130
A clustering step during the genetic distance calculation forms clusters of closely related isolates and reduces 131 the number of similar sequences in each set, and thereby also reduce the computation time. After identifying a 132 non-redundant isolate and a closely related isolate to it, the one previously deemed non-redundant will be the 133 cluster representative and kept, while the clustered one is omitted from the subsequent runs of the pipeline. 134
However, the information about the clustering is added to a database and the clustered isolate will be placed 135 on the inferred phylogenetic tree. The cluster representatives remain constant through the subsequent runs of 136 the pipeline, and the clusters only increase in size if new isolates are clustered with the representative. 137
Therefore, each cluster is stable in the sense that an isolate will newer change which representative it is 138 associated with and each cluster can be reliably identified by the template name and the identifier of its cluster 139
representative. 140
The pipeline can be run on a computer with 8 Gb RAM and Unix system. The computational time is reduced 141 compared to re-running the whole analysis each time new samples are added, even without parallelisation 142 ( Figure S1 ). 143 PAPABAC was benchmarked against three SNP pipeline benchmarking datasets. An Escherichia coli in vitro 144 evolution experiment dataset 34 provided 50 closely related samples on a short temporal scale with less than 145 100 nucleotide differences across the dataset. The algorithm clustered together 7 out of 10 samples with the 146 same ancestor that were taken on the same day and presumably had less than 10 nucleotide differences 147 between them. The PAPABAC maximum likelihood ( Figure 2 ) and neighbor-joining ( Figure S2 ) trees with the 148 clustered isolates pruned to resolve the polytomies were comparable to the ideal phylogeny of the in vitro 149 experiment dataset: the normalized Robinson-Foulds distances were 0.18 and 0.12, respectfully. 150
Benchmarking against the Campylobacter jejuni ( Figure S3A ) and the Listeria monocytogenes ( Figure S3B The platform has been available since October 1 st 2017, with logs reliably saved since October 28 th 2017. The 165 number of raw read files downloaded fluctuates with the work week of the public health laboratories. On 166 busier days, more than 800 isolates are downloaded. The average number of isolates downloaded per day is 167
418. Downloading and mapping to the reference genomes take 130 minutes on average, with the majority of 168 the time spent on downloading. Alignment of the raw reads and the generation of the consensus sequences 169 takes on average 9 minutes per isolate. The computing time for the template sets is dependent on the number 170 of non-redundant and new sequences in each set, but in most cases even the slowest is finalized within five 171 hours ( Figure 3 ). 172
As of June 26 th 2018, the pipeline downloaded 82,043 isolates. Out of these, 63,276 isolates have been mapped 173
to references with at least 99.0% identity and average depth of 11 ( Figure S4A ). The majority of the isolates 174
were typed as Salmonella enterica (59.1%), followed by Escherichia coli (19.4%) ( Figure S4B ). The two largest 175 template sets are S. Dublin and S. Typhimurium serovars, with both close to 9,500 isolates in total. After the 176 homology reduction there were 3,216 and 5,093 non-redundant sequences in these sets, respectively. On 177 average, 67% of the sequences are non-redundant in the template sets, while the E. coli template sets are the 178 most diverse and the Listeria monocytogenes ones are the least diverse ( Figure S4C ). There were 122 isolates 179 predicted to have a type not specified by the query (Table S1 ). Of these, 14 isolates were mixed samples, 180
composed of both the queried and the non-queried organisms. 181 Isolates that were presumed to be from an E. coli O157:H7 outbreak were selected for the comparison of 192
Evergreen Online and the NCBI Pathogen Detection platform (NCBI-PD). They were located on the 193
Escherichia_coli_O157_H7_str_Sakai_chromosome_NC_002695_1 neighbor-joining (NJ) tree from Evergreen 194
Online and the PDS000000952.271 SNP cluster tree from NCBI-PD. The labelled isolates appeared in three 195 clusters on the NJ tree. There were 19.9 nucleotide differences between the yellow and the red cluster 196
representatives and 12.6 nucleotide differences between the yellow and the blue cluster representative. On 197 the PD tree, the isolates marked with red circles were on the same clade, while the ones marked with blue and 198 yellow were intermixing on clades that were, at most, 15 compatible characters apart ( Figure 5 ). 
Whole-genome sequencing, performed alongside the traditional methods in routine microbiology, yields 207 hundreds to thousands of WGS isolates yearly in hospital, public health and food safety laboratories. This 208 amount of data is overwhelming for many, and there is a lack of methods to generate a quick overview and 209 help prioritize resources. The timely analysis of the sequencing data would allow the detection of more 210
bacterial outbreaks and aid the prevention of further spread. However, lack of human and computational 211 resources for this demanding task often hampers the prompt analysis of the data. Automating the initial 212 subtyping phase would facilitate the start of an outbreak investigation. PAPABAC offers rapid subtyping for a 213 wide range of prokaryotic organisms: the supplied database covers all bacterial subtypes with complete 214 genomes present in NCBI RefSeq. Further reference genomes could be added to increase the covered sequence 215 space, but the active curation of the reference database is not required for routine use. The selection of the 216 reference sequence for the phylogenomic analysis is fast and robust. It is independent of pre-assumptions 217 about the isolates. Misclassification during previous analysis does not introduce errors into the downstream 218 analysis. Contamination from another species is discarded during the consensus sequence generation. The 219
subtyping step via k-mer based mapping to a close reference also serves as a sequencing quality control 220 measure, because low-quality sequencing runs will typically result in isolates with low identity to any reference 221 and/or low depth. These isolates do not progress further to the phylogenomic analysis, as they would not yield 222 reliable results. 223
The phylogenomic analysis performed on the template sets has higher discriminatory power than cg-or wg-224
MLST. The underlying nucleotide difference method was validated in five different studies 6,34,35,37,38 . By using all 225 positions in the consensus sequences for estimating the genetic distance, instead of considering only selected 226 loci, we ensure a high level of sensitivity, as we also include mutations that occur between genes. 227
The clustering step during the genetic distance calculation was introduced in order to reduce the homology in 228 the template sets and thus reduce the computational burden as the template sets increase in size. However, 229
the clustering threshold of 10 nucleotide differences also constructs informative clusters of highly similar 230
isolates. Benchmarking with the E. coli in vitro evolution experiment dataset ( Figure 2 ) showed that the 231 algorithm was capable of correctly clustering isolates that were derived from the same ancestor, while 232 distinguishing them from other closely related strains. The same sensitivity was demonstrated on empirical 233 outbreak datasets ( Figure S3 ), where the pipeline clustered the outbreak-related strains and separated them 234 from the outgroup strains. Both the maximum likelihood inferred and the neighbor-joining trees placed the 235 outbreak strains correctly in the phylogeny. These results show, that PAPABAC provides quick and reliable 236 information about the close relatives of an outbreak strain to provide candidates to perform a more thorough 237 analysis on. 238
The design of PAPABAC means that once an isolate passed the homology reduction step, it will be present in 239 the subsequent runs of the pipeline. When an incoming isolate is highly similar to a non-redundant one, the 240 more recent will be the one that is clustered, added to the database and removed from further runs. Hence, 241
the cluster representatives and clusters are robust to the addition of new data to the analysis. Therefore, 242
PAPABAC yields a stable and communicable name for the clusters, comprised of the template name and the 243 cluster representative. This is an advantage over cg-and wg-MLST, where allelic profiles don't necessarily have 244 communicable names, and the clusters could merge. 245
Evergreen Online has been steadily processing WGS data of foodborne bacterial pathogen isolates collected 246 worldwide in real time ( Figure S4A ). It has been able to keep pace with the flow of the generated data that 247 mainly came from public health and food safety laboratories. Excluding the download time and the optional 248 maximum likelihood based phylogenetic inference, the whole analysis is done in less than a day, even for 249 template sets with thousands of isolates (Figure 3 ). This turnover time facilitates quick response in a potential 250 outbreak scenario. 251
The isolates are not distributed equally across the templates in the system ( Figure S4B ). Out of the five queried 252 species, S. enterica isolates are disproportionally represented. Sequences in the S. Dublin and the S. 253
Typhimurium LT2 template sets comprise in total approximately half of the S. enterica isolates. The sequence 254 diversity in the template sets is varied, but the homology reduction on the template sets reduces the number 255 of sequences approximately by a third, significantly decreasing the computational time. The L. monocytogenes 256 template sets were the least diverse, which could be due to sampling bias: bacteria that are present in the 257 environment are routinely sampled from food production sites multiple times, producing highly similar 258 sequences, that are then removed from the ongoing analysis. We also tested how a large number of sequences 259 already present in a template set would affect the ability of the pipeline to discriminate between samples 260
( Figure 4) . The template set that corresponded to the stone fruit L. monocytogenes outbreak dataset reference 261 had more than 1,000 non-redundant isolates, which was ideal for the test analysis. The isolates that were part 262 of the same outbreak clustered together and formed the two expected outbreak clusters, despite the 263 confounding presence of the sequences already in the template set. The smaller clade, however, had a 264 different cluster representative when using all data for the template set, compared with analysis of the 265 outbreak data alone: an environmental sample, that could be related to the outbreak, as it was sampled from 266 the same US state and year (California, 2014) as the samples in the outbreak dataset. These findings indicate 267 that the pipeline is capable of identifying closely related samples, however it is necessary to conduct 268 epidemiological analysis and apply other knowledge when interpreting the results. 269
Evergreen Online allows for automated selection of closely related isolates out of thousands, which is also the 270 objective of NCBI-PD. E. coli isolates, situated on three clusters in Evergreen Online and supposedly from an 271 outbreak, were located in NCBI-PD and their placement in the SNP cluster tree was compared to the Evergreen 272
Online tree ( Figure 5 ). One cluster (red) was in agreement between the two platforms, and samples from the 273 other two (yellow and blue) clusters were intermixing on a clade on the NCBI-PD tree. The nucleotide 274 difference counts between these samples are low and the differences between the phylogenomic methods 275 could lead to differences in the finer details of the inferred phylogenies. The homology reducing clustering in 276
Evergreen Online means that any sample in the cluster is less than 10 nucleotide differences from the cluster 277 representative, however, the differences between the samples could amount to 18 nucleotides. The 278 compatible character distances on the NCBI-PD tree between the mixed samples are less than 18 characters. 279
Taking this into account, the observed distribution of the yellow and blue labeled samples is concordant with 280 our results. 281 The two main parts of the pipeline have their own wrapper scripts. PAPABAC can be run on a personal 459 computer with as few as four cores. 460
Evergreen Online is running on a high-performance computing cluster, utilizing the Torque (Adaptive 461
Computing Inc., USA) job scheduler. The first wrapper is run in one instance on 20 cores, meanwhile the second 462
wrapper is run once on 20 cores for each template that has at least one new run, in a parallel fashion. When all 463 of these instances are finished running, a Bash script is launched to collect the information from the SQL 464 database, the website is updated and the job for the next day is scheduled. 465
Reference database 466
The reference sequences are complete prokaryotic chromosomal genomes from the NCBI RefSeq database. 467
Homology reduction was performed at a 99.0% sequence identity threshold with the Hobohm 1 algorithm. The 468 curated NCBI prokaryotic reference genomes were given priority in the process. The last samples in each lineage were selected for the benchmarking. Therefore, the benchmarking dataset 483 constituted 50 tips on the ideal phylogeny. These samples were batched according to their sampling time (6 th , 484 7 th and 8 th day). The batches were processed by PAPABAC chronologically. The pipeline was run with the 485 default parameters. Both maximum likelihood and neighbor-joining trees were inferred. 486
The phylogenetic trees inferred on all 50 isolates were trimmed for the reference sequence and compared with 487 the ideal phylogeny using the phytools R package (v0.6-60) 46 . The normalized Robinson-Foulds distance was 488 calculated between the ideal and the maximum likelihood, and the ideal and the neighbor-joining trees, after 489 the clustered isolates are removed from each pair of trees. The RF.dist function was utilized from the phangorn 490 R package (v2.4.0) 47 . 491
Benchmarking of PAPABAC with datasets from Timme et al. 492
Each dataset was downloaded with the provided script into a distinct directory. The pipeline was run 493
individually on the datasets with default parameters. If the isolates were mapped to more than one template, 494
the phylogenetic trees of the template set with the highest number of isolates were evaluated. The maximum 495 likelihood trees were visually compared to the ideal phylogenies and checked for the distribution of the isolates 496 amongst the clades. 497
Comparison with the NCBI Pathogen Detection platform 498
Escherichia coli isolates were queried from the SQL database of Evergreen Online (EO) for the period of 2018-499 03-15 and 2018-06-01, corresponding to a multistate outbreak of E.coli O157:H7 in the USA 48 . These samples 500
were subtyped using traditional MLST 2 , as it was assumed, that the sequence type with the most isolates would 501 also include the outbreak samples. Sequence type 11, which is commonly corresponds to the O157:H7 502 serotype, was selected for further analysis. The corresponding samples and their SNP clusters were found in 503 the NCBI-PD platform. The phylogenetic tree for the SNP cluster with the most samples (PDS000000952.271) 504 was downloaded. The common samples were marked on both the NCBI-PD and the EO phylogenetic tree 505 (Escherichia_coli_O157_H7_str_Sakai_chromosome_NC_002695_1). The marked samples on the three biggest 506 clusters on the EO tree were labeled, and their placement on the NCBI-PD tree was visually inspected. 507 
